Identifying factors that influence the land surface temperature (LST) of urban forests can help improve simulations and predictions of spatial patterns of urban cool islands. This requires a quantitative analytical method that combines spatial statistical analysis with multi-source observational data. The purpose of this study was to reveal how human activities and ecological factors jointly influence LST in clustering regions (hot or cool spots) of urban forests. Using Xiamen City, China from 1996 to 2006 as a case study, we explored the interactions between human activities and ecological factors, as well as their influences on urban forest LST. Population density was selected as a proxy for human activity. We integrated multi-source data (forest inventory, digital elevation models (DEM), population, and remote sensing imagery) to develop a database on a unified urban scale. The driving mechanism of urban forest LST was revealed through a combination of multi-source spatial data and spatial statistical analysis of clustering regions. The results showed that the main factors contributing to urban forest LST were dominant tree species and elevation. The interactions between human activity and specific ecological factors linearly or nonlinearly increased LST in urban forests. Strong interactions between elevation and dominant species were generally observed and were prevalent in either hot or cold spots areas in different years. In conclusion, quantitative studies based on spatial statistics and GeogDetector models should be conducted in urban areas to reveal interactions between human activities, ecological factors, and LST.
Introduction
The urban heat island effect caused by rapid urbanization leads to a multitude of eco-environmental problems such as increased energy consumption, photochemicals, smog, slow-diffusing pollutants, and human respiratory disease (Buyantuyev and Wu, 2010) . Urban forests are the main source of natural productivity in urban areas (Salvati et al., 2014; Cetin, 2015) . The cooling effect (cold island effect) caused by dense shade from branches and leaves limits direct radiant heat from the sun and reflected heat from pavement, walls, and adjacent objects; water transpiration through leaves further consumes radiant heat. The cooling effect plays an extremely important role in mitigating the urban heat island effect, adjusting urban climate, and addressing future climate change (Kong et al., 2014) .
Many studies have confirmed an obvious cooling effect in the * This paper has been recommended for acceptance by Chen Da. land surface temperature (LST) of urban forests compared with surrounding areas, and this effect is closely related to the type (e.g., tree species, forest age, forest canopy) and spatial characteristics (e.g., shape, area) of urban forests. Many scholars have applied field survey data or remote sensing images of various resolutions (Kuang et al., 2014; Ren et al., 2014; Zhao et al., 2016b ) and adopted multivariate statistical analyses to study the relationship between urban forest LST and ecological factors such as forest area, canopy density, vegetation richness, and vegetation index (Chen et al., 2006) . However, most of these previous studies analyzed the relationship between urban forest LST and a single ecological factor without comprehensively considering the quantitative relationships between LST and multiple ecological factors (Heffernan et al., 2014; Zhao et al., 2016a) . During the interactions between human and natural factors, the diversity, complexity, nonlinearity, and heterogeneity of various ecological factors jointly influence the entire process of urban forest growth. Variations in the intensity of ecological factors, including biotic (e.g., area, dominant tree species, forest age, canopy density) and abiotic factors (e.g., topography, soil), result in a high degree of spatial and temporal heterogeneity in urban forest LST (Shoshany et al., 2005) . The effects of human activities further enhance spatial and temporal heterogeneity (Bump et al., 2009) . However, few reports have clarified the effects (including strengths and directions) of interactions between human activities, multiple ecological factors, and urban forest LST or quantified the spatial heterogeneity of urban forest LST. The influence of the above-mentioned factors on urban forest LST at the macro-scale (e.g., regional, national, or global) and the strength of interactions between these factors remain unclear (Buyantuyev and Wu, 2010) . Quantifying the spatial heterogeneity of LST requires the integration of remote sensing images, field surveys, and spatial statistical analyses to differentiate clustering regions (hot or cool spots) and identify influential factors (Barrell and Grant, 2013) . Such clustering regions refer to areas with highly concentrated high or low LST over a period of time and have strong effects on the surrounding ecology and environment. The formation of these areas is closely related to ecological factors and human activities (Cañadas et al., 2014) . The classification of clustering regions (hot-spot analysis) relies on the integration of geographical location and spatial relationships and requires spatial statistical analyses and models (Peeters et al., 2015) . The degree of spatial clustering and spatial heterogeneity should be evaluated to reveal the spatial relationship between urban forest LST and multiple ecological factors. In contrast to classical statistical analyses, which typically omit spatial information, spatial statistical methods are suitable for analyzing the formation mechanisms of clustering regions by emphasizing the geographic variation in urban forest LST at temporal and spatial scales. Although this method has widely been used in other fields (e.g., geography, humanities, social sciences, and medicine), it has not been widely employed in environmental ecology (Ahmad et al., 2015) .
The purpose of this study was to reveal how human activities and multiple ecological factors jointly influence urban forest LST through the analysis of clustering regions (hot and cool spots). Two main questions were addressed: 1) In addition to human activity, what are the main ecological factors influencing urban forest LST? 2) How do interactions between human activity and multiple ecological factors influence urban forest LST? We proposed a new quantitative method that integrates remote sensing, field surveys, and spatial statistical analyses, and chose the urban forest of Xiamen City, a representative Chinese city undergoing rapid urbanization, for a case study (Appendix D, Fig. 1 ). This work provides a scientific basis for the simulation and prediction of the spatial patterns of urban cold islands (Zhao et al., 2016a) .
Materials and methods

Overview
The methodology consisted of the following three steps (Fig. 1) . 1) A spatial database was created by integrating multi-source data, including forest management planning inventory (FMPI), digital elevation models (DEM), population, and remote sensing images. 2) LST spatial distribution data were calculated using thermal remote sensing images. Forest patch and LST data were integrated spatially. Hot and cool spots were identified on an appropriate threshold distance scale using spatial statistical analysis.
3) The results from clustering regions, multi-source spatial data, and the GeogDetector model were combined to reveal the driving mechanism of urban forest LST. For an overview of the study area, data sources, and other research methods, please see the overview in Appendix A.
Multi-source spatial database development
The multi-source data in 1996 and 2006 mainly included three types. The first type was FMPI data obtained by field observations, including graphical data and the corresponding attribute database. The attribute database provided data on stands, soil, topography, and other ecological factors, and the sampling accuracy was within 90%. The second type was raster data of the population density distribution of Xiamen City, which characterized human activity. The third type was Landsat-5 TM images. LST data from the summer were derived from the thermal infrared (TIR) band (10.40e12.50 mm) of two Landsat 5 TM images (Row 119/Path 43) acquired on July 20, 1996 and August 17, 2006. The two images were acquired at approximately 10:00 a.m. local time under clear atmospheric conditions. Our study focused on the summer period (i.e., from July to September) because the forest canopy is fully developed during this time and the contrast between the LST of the forest and surrounding urban construction land is typically highest. Thus, summer is the optimal time to study the forest cooling effect. Moreover, from the perspective of urban forest planning, the focus of cooling is most relevant during summer. In contrast, during winter, the heat island effect on human health is relatively small and some trees are bare. It is ideal to select images from close dates to discern the LST variation during different periods and determine the contributions of various environmental factors. However, due to limited remote sensing image archives and the cloud-prone climate in southern China, only two qualified scenes (i.e., July 20, 1996 and August 17, 2006) under relatively clear and stable atmospheric conditions were selected (Appendix A, Data source).
With FMPI patches defined as the basic unit, the temporal and spatial distribution of population density was mapped using the kernel density tool and the zonal statistics function in the ArcGIS 10.0 spatial analysis module. Urban LST raster data were obtained by inversion using a single channel algorithm. The average values of population density and urban LST in each forest patch were calculated. The matched spatial data (temperature, population, and multiple ecological factors) were converted to the WGS 1984 UTM (50N) coordinate system. The readers are referred to Appendix A for details on the attribute database.
2.3. Urban forest LST calculation 2.3.1. Data preprocessing First, the digital number (DN) values of the thermal band of the Landsat TM 5 were converted to radiance. Second, we used atmospheric correction methods to eliminate the influence of view angle and atmosphere on surface reflectance. Third, LST was estimated using the single-channel retrieval algorithm. Fourth, we used the cubic convolution interpolation method to resample the resolution from 120 to 30 m because the resolution of the Landsat TM 5 thermal infrared band was relatively coarse compared with the average area of the urban forest patches. Finally, the LST was normalized in order to evaluate the interactions among the multiple factors influencing urban forest temperature. Nondimensionalization can eliminate the influence of the viewing angle and different image acquisition times. A relative LST index T R , proposed by Zhao et al. (2010) , was used to normalize LST values as follows:
where LST is the surface temperature (K) of each pixel and T b (K) is the background surface temperature defined as the average temperature of the study area images. See the supporting information for the detailed processes (Appendix A).
Accuracy assessment
Many studies have confirmed that the temperature difference between LST generated from remote sensing images and air temperature obtained from meteorological stations decreases with increasing NDVI (normalized difference vegetation index) (Weng et al., 2004; Yuan and Bauer, 2007) . Thus, data measured at meteorological stations with known spatial locations were used for the urban forest LST test and a Pearson correlation analysis was conducted. We used the measured daily average air temperature data of 10 meteorological stations in Xiamen City to evaluate the accuracy of LST inversion (Appendix D , Fig 2) . The Pearson correlation coefficient was used to evaluate the linear relationship between the estimated LST and observed air temperature (Li et al., 2011) . The results showed that the estimated LST was correlated with observed air temperature (Pearson correlation coefficient: 0.848; p < 0.01).
Spatial statistical analysis
Determination of optimal threshold distance
The optimal threshold distance was determined considering 1) the peak value of a variable (e.g., area and z-score) and 2) the number of significant patches (in hot or cool spots) in a neighboring area (mean and minimum numbers) based on the local Getis-Ord Gi Â statistical results (Ord and Getis, 1995; Barrell and Grant, 2013) . We calculated the compartment area and the neighboring number of significant patches by continuously increasing the threshold distance of each compartment (i.e., 500-m step increases in the 500e5000 m range) to find the maximum clustering distance (i.e., the optimal threshold). By increasing the threshold distance, the area of hot and cool spots first increased and then decreased (Table 1) . When the threshold was in the range of 500e3500 m, the area of hot and cool spots in 1996 and 2006 both increased and reached a maximum value at 3500 m. Meanwhile, the mean neighboring values were always greater than 8, which met the normal distribution assumption of autocorrelation. However, the minimum number did not exceed 8 until the distance reached the 2500-m threshold in 1996 (Ord and Getis, 1995) . Therefore, we used 3500 m, which met both the normal distribution assumption and the maximum area of hot and cold spots, as the optimal threshold (Table 1) .
Global Moran's I and local Getis-Ord Gi Â statistical analysis
The purpose of using global Moran's I and local Getis-Ord Gi Â statistics was to test the statistical significance at a given level and detect the spatial position of hot-and cool-spot clustering regions of urban forest LST on an optimal threshold-distance scale.
Global Moran's I is the most commonly used index for spatial autocorrelation analysis, and it is calculated with the following formula:
where N is the number of observed space units (polygonal region or point); X is the statistical mean; X i andX j are the observed value in the i-th and j-th region, respectively; andW ij is the weight of the ith region relative to the j-th region. Local Getis-Ord Gi Â is a local spatial statistical method that estimates the ratio of local values with different weights to the overall value based on distance measurement standards only, without considering the condition of boundary adjacency. Its formula is as follows:
where d is the region size; W ij is the weight matrix of sample points and region j; and x is an indicator quantifying importance.
Definition of regions with various LST features
By setting the optimal threshold distance as 3500 m, a clustering graph was generated using the local Getis-Ord Gi Â index. According to the z-score, regions with an absolute value greater than 1.96 were considered clustering regions (hot or cool spots). Areas with an absolute value less than 1.96 were considered nonsignificant (Mahboubi et al., 2015) .
Three types of spatial patterns were identified and defined as follows:
(1) Hot spot: locations of statistically significant clustering of high LST values (z ! 1.96 refers to the upper limit of the 95% confidence interval). A high z-score and low p-value indicate spatial clustering of high values. A low, negative z value and a low p-value indicate spatial clustering of low values. For significant positive z-scores, a higher z-score corresponds to a more sensitive degree of clustering 
GeogDetector model description
The GeogDetector model was used to detect various factors that may influence urban forest LST, the degree of influence of each factor, and the interactions between factors based on spatial analysis of variance (Wang and Hu, 2012 ). The GeogDetector model quantitatively expresses various types of interactions strengths among different ecological factors. The model follows a spatial heterogeneity hypothesis-based approach and is suitable for ecological study areas with strong spatial heterogeneity. The GeogDetector model includes factor, ecological, and interaction detectors. The factor detector is used to explore the impact of different factors on the research target; the ecological detector is used to explore the impacts of different levels of significance on those factors; and the interaction detector is used to explore the strengths of combinations of different impact factors on the research target. The GeogDetector model is freely available from www.sssampling. org/geogdetector.
Assuming that human activities and certain ecological factors jointly influence urban forest LST, the temporal and spatial distribution pattern of LST could then be determined. We first loaded map layers of all human and ecological factors and urban forest LST values into ArcGIS. We extracted the average values of the ELE (elevation), SDe (slope degree), and PD (population density) factors based on forest patches. The data was classified according to the classification criteria of the FMPI instruction manual (e.g., SDe); the factors not classified in the manual were classified using the Natural Breaks (Jenks) method (e.g., PA or patch area). The average LST of each forest patch was set as the dependent variable in the statistical analysis. Multiple ecological and human activity factors deemed as independent variables were introduced into GeogDetector model. All the different impact factor values were input into the GeogDetector model for simulations. For additional details, please see Appendix A, Spatial statistical analysis.
Results
Urban forest LST and stand structure
Landsat 5 images from 1996 to 2006 were combined with the corresponding FMPI data (n ¼ 14,901 in 1996 and n ¼ 14,944 in 2006) . A multi-source dataset, in which the LST of each forest patch corresponds to various ecological factors, was generated on the same urban scale. In 1996, 2006, the relative average urban forest LST was À0.014 and-0.042, respectively (Fig. 2) .
The stand structure varied greatly from 1996 to 2006. Specifically, the clustering degree increased by 0.118 (Moran's index was 0.155 in 1996 and 0.273 in 2006) ( Dimocarpus longan, Pinus massoniana, Acacia confuse, Pinus elliottii, Cunninghamia lanceolata, Camellia sinensis, Casuarina equisetifolia, and Schima superba. The same species were dominant in 2006, in addition to Eucalyptus spp. The planting area of dominant tree species changed. For example, the area of Acacia confuse increased by 1. 764% (5.148% in 1996; 6.912% in 2006) , the area of P. massoniana decreased by 9. 821% (34.475% in 1996; 24.654% in 2006) , and the area of D. longan decreased by 8. 165% (28.096% in 1996; 19.931% in 2006) (Fig. 3, Appendix C, Table 2 ).
Population density
The population density in Xiamen City increased from 565.0 ± 12.6 persons/ha in 1996 to 755.5 ± 11.9 persons/ha in 2006 (t-test, p < 0.01). Regions with different degrees of urbanization all showed an increasing trend. However, the degree of population aggregation tended to decrease, as seen in Fig. 4 
Influence of human activities and multiple ecological factors on urban forest LST
After classification through local Getis-Ord Gi Â statistics, the GeogDetector model was used to compare hot and cool spots of urban forest LST. Stand and topography groups were dominant ecological factors that influenced forest LST in 1996 and 2006. In particular, dominant tree species (stand factor) and elevation (topography factor) had greater impacts in different clustering regions and time periods compared with population density (Fig. 5 , Table 3 ). In addition, during different time periods and in different clustering regions, linear or nonlinear interactions were observed for all relationships between population density and the 11 selected factors: (population density ∩ ecological factor) > (population density þ ecological factor) or (population density ∩ ecological factor) > (population density, ecological factor) (Table 4 , Appendix C, Table 3 ). There were strong interaction effects between the dominant factor and other ecological factors. In particular, strong interactions between two ecological factors were generally observed in the elevation (ELE) and dominant species (DS) (Fig. 6) .
Ecological factors had varying impacts on forest LST in different clustering regions and during different time periods. For example, in 2006, the main influential factors in hot spots were elevation (q ¼ 0.139), slope (q ¼ 0.129), dominant tree species (q ¼ 0.099), and forest patch area (q ¼ 0.085); the main influential factors in cool spots were dominant tree species (q ¼ 0.07), elevation (q ¼ 0.069), population density (q ¼ 0.069), and canopy density (q ¼ 0.036) (Table 3) . Moreover, significantly interacting ecological factors varied among hot and cool spots. For example, population density significantly interacted with forest patch area, forest age, and elevation in hot spots. In cool spots, population density significantly interacted with canopy density, soil quality, soil thickness, humus depth, slope, slope direction, and slope position (Table 4 ). In addition, the factors with strong interaction effects changed from hot to cold spot areas during different years. Specifically, in 1996, elevation and the dominant species were dominant interaction effect factors in hot and cold spots of urban forests, respectively. In contrast, dominant species and elevation became the dominant interaction factors in hot and cool spots, respectively, in 2006. (Fig. 6 , Appendix C, Table 4 ). 
Discussion
Interaction effects on urban forest LST
In this study, remote sensing imagery, FMPI, spatial statistical analysis, and GIS technology were integrated to reveal the complicated interactions (direct and indirect) between various ecological factors and their effects on urban forest LST. Two key properties of these interactions were addressed: strength and direction. We identified the strength of interactions between two ecological factors and their impact on spatial heterogeneity of urban forest LST. Furthermore, the interaction strengths showed that elevation and dominant species had a greater influence on urban forest LST in comparison to other factors (e.g., patch area). In addition, elevation and dominant species displayed strong interactions with other ecological factors and linearly or non-linearly enhanced the urban forest cooling effect.
Our results confirm that elevation had a direct and dominant impact on urban forest LST and displayed strong interactions with multiple ecological factors (e.g., dominant species, population density). This indicates that elevation, which controls urban vegetation growth by changing light, moisture, and soil nutrients, and thus influences urban forest LST, is the major cause of spatial heterogeneity of urban LST. Recently, many studies have revealed interactions between elevation and vegetation cover, soil depth, and vegetation type using multiple linear regression models and plotscale transplanting experiments in natural ecosystems (Grassein et al. 2014 ). Tayyebi and Jenerette (2016) proposed that further research on the interactions of urban forest LST and elevation at the city scale can alleviate regional and global warming and provide a scientific basis for addressing climate change adaptation policies. However, due to the lack of a database of multi-source data, routine experimentation and empirical equations cannot adequately quantify the complex non-linear interactions between elevation and multiple factors on an urban scale. This leads to difficulty in elucidating the quantitative interactions between elevation and urban forest structure (e.g., dominant species). Therefore, under scarce urban land resources, urban forest conservation and landscape planning should take into account elevation factors to enhance the urban forest cold island effect. Our results also show that interactions among dominant tree species and topographical factors (e.g., ELE, SDe, SPo) linearly or non-linearly enhanced the urban forest cooling effect. The results based on the GeogDetector model support the study by Long et al. (2015) , which used an elevation gradient experiment in arctic tundra of Sweden to show that dominant tree species had more significant direct and interaction effects on temperature variation than other factors. This study indicated that the dominant tree species depends on a variety Note: q indicates strength of two-factor interactions (Wang et al., 2016) . Factor A or B indicates any two factors in various ecological factors. * indicates a significant interaction.
[ indicates factor A enhances factor B, i.e., q (A∩B)> q (A) and q (A∩B)>q (B). bb indicates non-linear enhancement of factor A and factor B, i.e., q (A∩B)>q (A)þq (B). PA is patch area, DS is dominant species, CD is canopy density, SA is stand age, SI,site index, SD,soil depth, HD, humus depth, ELE is elevation, SDe is slope degree, SPo is slope position, SDi is slope direction, SI is site index, and PD is population density. Other colors indicate non-linear enhancement of factor A and factor B, i.e., q (A∩B) > q (A) þ q (B); PA is patch area, DS is dominant species, CD is canopy density, SA is stand age, SI, site index, SD, soil depth, HD, humus depth, ELE is elevation, SDe is slope degree, SPo is slope position, SDi is slope direction, SI is site index, and PD is population density. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) of factors including shape, breadth, crown length, clear length, tree morphology, density, leaf size, and leaf opacity, as well as interactions with topographical factors (e.g., ELE, SDe, SPo) and their effects on urban forest LST. Compared with elevation, few quantitative studies have focused on the interactions between species composition and multiple ecological factors on urban forest LST. Moreover, previous studies on the biological characteristics of the cooling effect due to different tree species have mainly been carried out on smaller scales such as in parks and sample plots (Lin et al., 2015) . Our interaction study compares patches with different dominant trees species on an urban scale. For example, patches with D. longan as the dominant tree species mainly exist in hot spots, whereas those dominated by S. superba are mainly distributed in cool spots. This may be related to the above-mentioned biological factors. S. superba has thicker leaves and a higher and larger crown compared with D. longan trees of the same age. Norton et al. (2015) also demonstrated that dominant tree species are the main determinants of the cold island effect on a regional scale, and this is feasible in cities with limited land. Although the interactions of elevation and dominant species with other ecological factors significantly affected urban forest LST in different clustering areas (hot and cold spots) and years, the strongest interaction factors varied. Specifically, in 1996, elevation and dominant species were the dominant factors showing interaction effects in hot and cold spots of urban forests, respectively. In contrast, dominant species and elevation became major interaction factors in hot and cool spots, respectively, in 2006. This change may be related to human willingness to reform urban forests, which varied among different spatial clustering regions. Human impacts in higher elevation regions varied among different years according to transportation accessibility. These changes resulted in variation in the interactions between elevation and other factors in the hot and cold spots. Moreover, large-scale afforestation changed the dominant species composition. Significantly different urban forest LST in hot and cold spots among different years may have been caused by interactions between tree species and other factors. The results of the study by Connors et al. (2013) confirm our point; they concluded that human activities caused positive and negative double impacts on urban forest LST, and LST was affected to various degrees by elevation and other topographical factors because of changes in urban forest structure among different locations and years. Interactions between these factors were complex, non-linear, and diverse. In our study, interactions between human activities and multiple ecological factors in hot and cool spots linearly or nonlinearly increased urban forest LST. Previous studies on urban LST mechanisms have quantified the relationships between human activities, mainly including landscape composition (e.g., vegetation coverage, impermeability, water proportion), spatial configuration (e.g., shape index, Shannon diversity index), and LST, whereas they only slightly consider human activities and the aforementioned factors. Nowadays, more and more urban forests are located in high population density regions. Human activities and other ecological factors modify urban forest spatial structure and composition and have inevitable large impacts on urban forest LST. The intervention is perennial and continuous (Josefsson et al. 2009 ). Kuang et al. (2014) proposed that using ecological process models for precise predictions of urban forest LST spatial distributions and variation trends under different human activity intensities can provide a scientific basis for urban forest landscape planning considering long-term cold island effects. Our research demonstrates that indirect effects generated by human activities elevate urban forest LST in highly heterogeneous urban forest ecosystems. Furthermore, the interaction between two factors can have a greater influence than the direct effect of a single ecological factor, and the interaction effect may even be greater than the combination of two factors' direct actions. As urban ecological processes advance, interactions will continue to grow and impede the cold island effect of urban forests. Therefore, the relationship between population distribution variations and urban forest construction management should be considered, in addition to interactions of elevation and dominant tree species with other factors.
In addition, although the influence of stand area on urban forest LST was relatively lower in 1996, we cannot simply infer that stand area is not important to urban forests' cooling effect. The influence of patch area on urban forest LST is closely related to the degree of forest fragmentation at a specific time and site and the connectivity between patches. More importantly, the indirect effect between patch area and multiple ecological factors has a stronger influence on urban forest LST than direct effects. In fact, when a strong interaction exists between ecological factors, statistical significance does not have true ecological significance when only considering the impact of dominant factors (Levy et al., 2014) .
In recent years, numerous studies have emphasized that in order to clarify the driving mechanism of urban cool islands, the direction of interactions between ecological factors must be determined. The results of such studies are important for sustainable urban forest landscape planning (Kuang et al., 2014; Long et al., 2015) . In our study, Pearson's correlation analysis was used to determine directions, where the direction of the Pearson's correlation coefficient represents the direction of a single-factor direct effect for urban forest LST (Appendix Table 5 ). For example, canopy density was significantly negatively related to the relative LST index in 1996 and 2006 (P < 0.01), indicating that the relative LST index moved in the negative direction with a changing canopy density. However, the relationship between two ecological factors is nonlinear in urban ecosystems; thus, the direction of a single factor could not be used to infer the direction of a two-factor interaction. In addition, the statistical software (e.g., SPSS) was inadequate for analyzing the types of variables investigated in our study (e.g., dominant tree species composition; the order of numbers assigned had no real meaning). As seen from current literature, the issue of interaction direction has become a difficult and hot topic in ecology. To our knowledge, the development of models can hardly solve the issue. Similarly, the GeogDetector model does not have a function to deal with the direction of two-factor interactions. However, GeogDetector has obvious advantages over traditional software that are only able to use a certain type of variable, which constrains data input. In contrast, the GeogDetector model processes both type and numeric variables, in parallel to solving all types of quantitative calculation problems. In addition, the GeogDetector model quantitatively expresses various types of interaction strengths among different variables. Most importantly, the GeogDetector model is a spatial heterogeneity hypothesis-based approach, as ecological study areas have strong spatial heterogeneity. Some studies have shown that the solution to interaction direction can be achieved by combining statistical analyses and spatial heterogeneity of environmental conditions (Heffernan et al., 2014; Tayyebi and Jenerette, 2016) . For instance, Grassein et al. (2014) integrated R software and spatial heterogeneity of environmental conditions, to demonstrate that biotic interactions can affect plant performance but their direction depends on local environmental conditions. In our results, the spatial interactions between any two ecological factors, as well as their linearly enhanced or nonlinearly enhanced urban forest LST, were revealed. Therefore, the interaction direction may be determined based on the spatial heterogeneity results in the future. The GeogDetector model may be applied to study the effects of multiple ecological factors when analyzing interaction directions in spatially heterogeneous systems.
In summary, because of limited land resources and frequent human activities in urban areas, urban forest planning should used to create urban cool islands. A multi-source spatial database should be constructed and be used for urban forest planning. In addition, spatial statistical analyses should be used to differentiate clustering regions. In particular, the strengths and directions of interactions between any two ecological factors in urban forest patches should be quantitatively analyzed. Policies that protect landscape based on urbanization stage, clustering regions, and driving mechanisms of urban forest LST should take into account direct and indirect effects of various ecological factors. For instance, according to the results of interaction strengths, urban forest planning should consider the change due to elevation in hot spot areas in 1996. In contrast, changes in species composition should focus on urban forest planning in hot spot areas in 2006.
Recommendations and future studies
We put forward the following three suggestions according to our research results. First, to solve regional-scale urban environmental problems, we need to combine the respective advantages of multi-source data and spatial statistical analysis, and explore the interaction effects of human activities, LST, and multiple ecological factors, rather than only focus on qualitative descriptions of urban forest spatial structure. Moreover, we need to integrate information on macro-spatial patterns and micro-urban patches and build a multi-source database with a unified spatialetemporal scale. Second, more emphasis should be given to studies on identifying influential factors in clustering regions of urban forests. The degree and location of changes in these areas should be determined to reveal variation due to urbanization. Finally, urban forest planning should pay close attention to the strength and direction of interactions between human activity, elevation, and dominant tree species on urban forest LST spatial heterogeneity and divide different functional clustering regions considering each ecological factors' direct and indirect (interacted) effects.
Our study quantitatively compares the interaction effects at two single time points. We propose the following future studies based on our results. 1) Future studies should take into account the temporal and spatial heterogeneity of LST. Quantitative studies on heterogeneity should be carried out on different temporal and spatial scales, in different cities and seasons, and with remote sensing images of various resolutions; 2) Accurate LST inversion methods should be used instead of the nondimensional relative temperature to overcome uncertainties due to field view, weather conditions, etc. The integration of time series Landsat images on the same urban scale remains to be further studied; 3) The limited ecological factors selected in this study cannot fully express the driving mechanism of LST. Some of the selected ecological factors (e.g., species composition, and elevation) displayed dominant influences on urban forest LST, but the direct effects and degree of interaction of these factors in different regional environments and urbanization stages may vary; 4) The development of the GeogDetector model should focus determining the direction of interactions between ecological factors, and strength and direction of interactions should be applied to urban forest planning; and 5) The environmental impacts of combined pollution on urban forest health should be considered. Previous studies have shown that pollutants such as cement ash, fly ash, limestone dust, and other industrial particulate matter (dust pollution) settle onto plant leaf surfaces in different urban surface temperature (thermal pollution) environments. These pollutant have various impacts on plant growth indices, including leaf stomatal conductance, chlorophyll content, electron transfer rate, leaf temperature, photosynthesis rate, respiration rate, and transpiration rate (Naidoo and Chirkoot, 2004; Van Heerden et al., 2007) .
Conclusions
Our results show that during rapid urbanization, the degree of spatial aggregation of urban forest LST increased. Hot spots were mainly distributed in the urban core and suburbs, and cool spots were mainly located in suburbs and outer suburban districts. Compared with human activities, dominant tree species and elevation were the dominant factors influencing urban forest LST. The interactions between human activity and specific ecological factors linearly or nonlinearly increased LST in urban forests. Strong interactions between elevation and dominant species were generally observed in both hot and cool spots, but varied during different years. Although our field survey and remote-sensing data are from Xiamen City, our research method and results can be used as a reference for the investigation of urban spatial patterns in other cities.
